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ABSTRACT	
	The	 El	 Niño-Southern	 Oscillation	 (ENSO)	 is	 an	 important	 contributor	 to	 Earth’s	 inter-annual	climate	variability,	with	worldwide	weather	effects	(Whetton	and	Rutherfurd,	1994;	
Hoerling	and	Zhong,	 1997;	Dai	and	Wigley,	 2000).	Understanding	how	ENSO	may	 change	with	climate	is	a	major	challenge,	given	the	internal	variability	of	the	system	and	relatively	short	observational	record	(Wittenberg,	2009).	Much	recent	research	has	used	multi-model	ensembles	 to	 address	 the	 effects	 of	 climate	 change	 on	 ENSO	 (Stevenson,	 2012;	Cai	et	al.,	2014;	Kim	et	al.,	2014).	Here	we	analyze	ENSO	in	a	Community	Earth	System	Model	(CESM)	ensemble	that	samples	internal	variability	of	the	coupled	Earth	system.	We	present	results	from	a	50-member	climate	change	ensemble	experiment,	using	historical	climate	forcings	(1850-2005)	and	projections	to	2100	following	the	representative	concentration	pathway	8.5	 (RCP8.5).	 With	 this	 ensemble,	 and	 a	 ~5000	 year	 control	 run	 with	 constant	 pre-industrial	 conditions,	 we	 examine	 ENSO	 variability	 under	 different	 forcing	 regimes.	 We	compare	 the	 effects	 of	 anthropogenic	 climate	 change	 with	 the	 effects	 of	 natural	modulations	 on	ENSO	 sea	 surface	 temperature	 (SST).	We	 find	 that	 any	 changes	 in	ENSO	SST	due	to	climate	change	are	secondary	to	natural	modulations.			 				
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1. INTRODUCTION		Natural	variations	within	Earth’s	climate	system	are	an	important	source	of	uncertainty	in	projections	 of	 future	 climate,	 particularly	 on	 interannual	 to	 decadal	 timescales	 (Hawkins	
and	Sutton,	2009).	They	can	influence	variability	in	key	climate	change	indicators,	such	as	regional	 temperature	 and	 precipitation	 patterns	 (Hawkins	 and	 Sutton,	 2011),	 and	 global	temperature	 trends	 (Huber	 and	 Knutti,	 2014).	 Earth	 system	 modeling	 approaches	 that	capture	the	effect	of	natural	variability,	or	more	precisely	the	variability	within	the	coupled	system	 in	 the	 absence	 of	 time-varying	 external	 forcing,	 can	 be	 used	 to	 characterize	 the	importance	of	internal	variability	when	considering	potential	anthropogenic	climate	trends	(Deser	et	al.,	2012).	This	 type	of	approach	 is	especially	useful	 for	ENSO,	which	undergoes	decadal	modulations	that	have	hindered	even	qualitative	predictions	of	amplitude	change	in	the	coming	decades.			ENSO	 can	 be	 characterized	 by	 the	 Niño3.4	 index,	 the	 climatological	 SST	 anomaly	 in	 the	Niño3.4	 region	 of	 the	 equatorial	 Pacific	 (outlined	 in	 Fig.	 1).	 El	 Niño	 (La	 Niña)	 events	correspond	to	a	positive	(negative)	Niño3.4	index,	with	the	strength	of	the	event	tied	to	the	magnitude	of	 the	 anomaly.	 Several	 ENSO	metrics	 can	be	derived	 from	 the	Niño3.4	 index	time	series:	 the	 spectrum	reveals	 the	 frequency	distribution	of	events,	 skewness	 roughly	measures	the	relative	strength	of	El	Niño	and	La	Niña	events,	and	the	standard	deviation	is	tied	to	ENSO	SST	amplitude.			
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In	climate	model	simulations	with	constant	pre-industrial	forcing,	ENSO	frequency	and	SST	amplitude	undergo	strong	decadal	modulations.	Several	hundred	years	of	data	are	required	to	 sample	 these	 modulations	 under	 a	 given	 forcing	 (Wittenberg,	 2009;	 Stevenson	 et	 al.,	2010).	 In	 the	most	 recent	multi-model	 ensemble,	 there	 is	 no	 consensus	 change	 in	 ENSO	under	global	warming	(Stevenson,	2012,	Cai	et	al.,	2014),	and	 if	 there	are	robust	changes,	they	may	be	time-dependent	(Kim	et	al.,	2014).	However,	the	ensemble	does	display	robust	changes	in	other	key	ENSO	properties,	such	as	the	associated	precipitation	anomalies	and	event	propagation	characteristics	(Power	et	al.,	2013,	Santoso	et	al.,	2013,	Cai	et	al.,	2014).		
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2. MODEL	RESULTS	AND	DISCUSSION		 	2.1	Ensemble	and	Model	description		Here,	rather	than	a	multi-model	approach	that	samples	model	uncertainty	in	the	processes	that	govern	ENSO,	we	analyze	a	large	ensemble	from	a	single	model.	The	ensemble	samples	only	this	model’s	internal	variability,	which	we	define	as	its	year-to-year	variations	in	the	absence	 of	 time-varying	 greenhouse	 gas	 forcing.	 Our	 ensemble	 uses	 a	 low-resolution	configuration	 of	 CESM	 (T31x3,	 described	 in	 the	 methods	 section).	 Individual	 ensemble	members	branch	off	every	100	years	from	a	fully-coupled,	equilibrated,	control	simulation.	Each	member	is	then	forced	with	historical	values	through	2005,	then	RCP8.5	until	2100.	Because	 each	 member	 is	 identically	 forced	 after	 starting	 at	 a	 unique	 time	 in	 the	equilibrated	 control,	 any	 differences	 between	 members	 are	 solely	 due	 to	 internal	variability	of	the	coupled	climate	system.			While	 low-resolution	 CESM	 exhibits	 mean	 state	 biases	 in	 equatorial	 Pacific	 SST,	 it	 does	capture	 realistic	 variability	 associated	with	ENSO	 (Shields	et	al.,	 2012,	 our	Fig.	 1).	 In	 this	regard	it	is	comparable	with	members	of	the	latest	multi-model	ensemble	(Jha	et	al.,	2014).	Low-resolution	CESM	reproduces	tropical	Pacific	mean	state	seasonality,	as	well	as	ENSO’s	seasonal	 phase	 locking	 (Figs.	 2,	 3).	 Low-resolution	 CESM	 also	 simulates	 the	 recharge-discharge	 mechanism	 of	 the	 equatorial	 Pacific,	 in	 which	 changes	 in	 ocean	 heat	 content	accumulate	before	ENSO	events	occur	(Fig.	4;	Jin,	1997;	McPhaden	et	al.,	2006).	
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2.2	Results	
	
We	examine	ENSO	in	three	different	forcing	regimes:	constant	pre-industrial	forcing,	1940-1990	 historical	 forcing,	 and	 RCP8.5	 2040-2090	 projected	 forcing.	 Each	 forcing	 regime	ensemble	 has	 50	 independent	members	 sampling	 ENSO’s	 natural	 modulations.	 Figure	 5	shows	 the	 ENSO	 spectra	 for	 each	 forcing	 regime.	 The	 median	 spectrum	 for	 1940-1990	roughly	 matches	 the	 corresponding	 observed	 spectrum,	 though	 the	 power	 at	 longer	periods	 is	 underestimated.	 Each	 ensemble	 exhibits	 significant	 spread	 in	 spectral	 shape,	with	some	members	peaking	around	four	years	and	others	at	less	than	two	years,	while	the	normalized	power	in	those	peaks	can	vary	by	greater	than	a	factor	of	four.	The	medians	of	each	forcing	regime	ensemble,	on	the	other	hand,	are	very	similar	 in	shape,	and	the	95%	confidence	 intervals	 of	 the	 ensemble	 means	 overlap	 over	 much	 of	 the	 range	 (Fig.	 6).	Differences	 between	 individual	 members,	 due	 to	 ENSO’s	 natural	 modulations,	 are	 much	larger	than	the	differences	between	the	ensembles	themselves,	which	would	be	due	to	their	different	forcing	regimes.	
	Figure	7	compares	the	distributions	of	several	statistical	properties	of	the	Niño3.4	index	in	the	 different	 forcing	 regime	 ensembles.	 Standard	 deviation,	 an	 indicator	 of	 ENSO	 SST	amplitude,	 is	 somewhat	 underestimated	 in	 the	model.	 The	 observed	 1940-1990	 value	 is	above	 the	 95th	 percentile	 of	 the	 1940-1990	 ensemble.	 The	 distributions	 for	 each	 forcing	regime	have	similar	widths	and	sizeable	overlap.	The	distributions	of	the	latest	inter-model	
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ensemble	 are	 also	 shown.	These	distributions,	 sampling	 a	mix	 of	 internal	 variability	 and	model	uncertainty,	are	wider	than	those	of	the	CESM	ensemble	(Fig.	7a).			Skewness	 roughly	 indicates	 the	 relative	 strength	 of	 El	 Niño	 and	 La	 Niña	 events.	 The	observed	1940-1990	skewness	 is	positive	 (El	Niño	events	are	generally	stronger	 than	La	Niña),	and	closely	matches	the	CESM	ensemble	median	over	the	same	time	period.	Similar	to	 standard	 deviation,	 there	 is	 sizeable	 overlap	 between	 the	 CESM	 forcing	 regime	ensembles	 (Fig.	 7b).	 The	CESM	ensemble	 distributions	 are	 again	 comparable	 for	 El	Niño	and	La	Niña	event	counts	(as	defined	in	the	Methods	section)	(Fig.	7c,	d).		Given	 approximate	 normality	 (see	 Q-Q	 plots	 in	 Fig.	 8),	 we	 perform	 two-sided	 t-tests	comparing	the	pre-industrial	ensemble	mean	with	that	of	 the	2040-2090	ensemble	mean	for	each	statistical	property.	None	of	the	differences	are	significant	at	95%	confidence,	even	given	 the	 good	 detection	 sensitivity	 allowed	 by	 this	 large	 dataset	 (e.g.,	 we	 could	 have	rejected	 the	 hypothesis	 of	 equal	means	 for	 a	 change	 in	 standard	 deviation	 greater	 than	~4%)	(Table	1).		For	an	explicit	analysis	of	ENSO	evolution,	we	next	examine	the	continuous	record	of	20-year	running	ENSO	statistical	properties.	Individual	simulations	under	both	pre-industrial	and	 climate	 change	 forcings	 exhibit	 ENSO	 SST	 amplitude	 (i.e.,	 Niño3.4	 index	 standard	deviation)	modulations	comparable	with	 those	 in	 the	observations.	Modulations	of	ENSO	skewness	larger	than	those	in	the	observations	occur	under	both	pre-industrial	and	climate	change	 forcings.	 Over	 the	 combined	 historical	 and	 projection	 time	 period,	 any	 ensemble	change	in	either	statistical	property	is	negligible	compared	with	natural	modulations	(Fig.	
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9).	We	repeat	this	analysis	for	the	Niño3	and	Niño4	regions,	which	are	sensible	to	different	flavors	of	ENSO	and	may	therefore	be	differently	affected	by	climate	change	(Kim	and	Yu,	2012)(Figs.	 10,	 11).	 These	 regions	 also	 exhibit	 natural	 modulations	 larger	 than	 any	ensemble	changes.	However,	unlike	Niño3.4	and	Niño3,	 the	ensemble	Niño4	amplitude	 is	significantly	 lower	 in	2040-2090	compared	 to	pre-industrial	 (2040-2090	 is	5%	 lower,	p-value	=	0.002).			2.3	Discussion		When	 the	 goal	 is	 realistic	 projection	 of	 ENSO	 evolution,	 single-model	 ensembles	 are	certainly	not	as	valuable	as	those	from	a	large	multi-model	 intercomparison.	Multi-model	ensembles	 sample	 parameter	 and	 structural	 uncertainties	 that	 reflect	 our	 uncertainty	about	the	Earth	system	and	are	thus	 less	susceptible	 to	model	biases.	On	the	other	hand,	without	those	confounding	uncertainties,	a	single-model	ensemble	permits	straightforward	characterization	 of	 ENSO	 decadal	 modulation	 and	 comparison	 of	 this	 modulation	 with	possible	changes	due	to	climate	change.		Moreover,	 a	 large	 ensemble	 allows	 characterization	 through	 time	 of	 ENSO’s	 decadal	modulations,	 which	 are	 not	 a	 priori	 climate	 change	 independent.	 A	 change	 in	 these	modulations	 could	 have	 important	 implications	 for	 ENSO	 impacts	 (e.g.,	 compare	 two	futures	with	 the	 same	 time-averaged	 ENSO	 SST	 amplitude:	 one	 in	which	 ENSO	 becomes	completely	regular	and	one	in	which	decadal	modulation	doubles).	
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Several	hundred	years	are	needed	for	reasonable	sampling	of	simulated	ENSO	modulations	under	 constant	 forcing.	 These	modulations	must	 be	 accounted	 for	when	 analyzing	ENSO	under	projected	climate	change.	A	change	in	ENSO	in	a	single	simulation	may	only	reflect	natural	modulations,	rather	than	a	robust	response	of	the	model	to	climate	change	(e.g.,	Fig.	12).	 In	 a	 large	 enough	 ensemble,	 sampling	 the	decadal	 variability	 of	 the	 coupled	 climate	system,	these	modulations	can	be	averaged	out.				
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3. Methods			3.1	CESM	Experiment				The	 experiment	 uses	 the	 fully-coupled	 low-resolution	 configuration	 of	 the	 Community	Earth	 System	 Model	 (CESM),	 T31x3.	 The	 atmospheric	 model	 component	 has	 a	 spectral	resolution	 of	 ~3.75°	 x	 3.75°	 and	 26	 vertical	 levels.	 The	 ocean	 model	 component	 has	 a	nominal	 horizontal	 resolution	 of	 3°	 (changing	 to	 less	 than	 1°	 near	 the	 equator)	 and	 60	vertical	 levels.	 While	 the	 low-resolution	 version	 of	 CESM	 has	 several	 climate	 biases,	 it	captures	 tropical	 Pacific	 interannual	 temperature	 variability	 associated	 with	 ENSO	 and	other	properties	related	to	ENSO	(Shields	et	al.,	2012,	our	Figs.	1,	2,	3,	4).		The	 experiment	 first	 undergoes	 a	 ~4000	 year	 equilibration	 phase	 with	 pre-industrial	forcings,	allowing	 the	deep	ocean	 to	 reach	near-dynamic	equilibrium.	After	equilibration,	the	control	simulation	continues	for	another	5000	years.	50	simulations	branch	off	at	100-year	intervals	of	this	equilibrated	control.	These	50	simulations	run	from	1850-2100,	using	historical	 anthropogenic	 and	 natural	 forcings	 between	 1850	 and	 2005	 and	 RCP8.5	 from	2006	 to	2100	 (Moss	et	al.,	 2010).	The	50-member	ensemble,	with	 identical	 forcings,	only	samples	 unique	 initialization	 times	 in	 the	 equilibrated	 control	 (Sriver	et	al.,	 2015).	 Thus,	differences	between	members	reflect	uncertainty	due	to	joint	internal	unforced	variability	of	the	fully-coupled	system	(ocean,	atmosphere,	land,	and	sea-ice	components).		
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We	 further	 break	 up	 the	 ensemble	 into	 a	 50-member	 1940-1990	 ensemble	 and	 a	 50-member	2040-2090	ensemble.	Independent	sections	of	the	equilibrated,	control	simulation	make	up	a	50-member	control	ensemble.	Thus,	we	have	three	ensembles	that	sample	the	internal	 variability	 in	 three	different	 forcing	 regimes.	Repeating	 the	 analysis	with	 longer	time	sections	did	not	change	our	results	(not	shown).			3.2			Statistical	Analyses		We	 focus	 on	 SST	 in	 the	 Niño3.4	 region,	 (5°S–5°N,	 170°–120°W).	We	 calculate	 a	 Niño3.4	index	 as	 the	monthly	 average	 SST	 climatological	 anomaly	 in	 the	 region.	 To	 isolate	 ENSO	variability	 from	 long-term	warming,	 a	 211-month	 triangle	 smoothing	 is	 subtracted	 from	the	 index	 time	 series	 (as	 in	 Fig.	 1	 of	Wittenberg,	 2009).	 The	 resulting	 trend-removed	Niño3.4	index	time	series	has	no	warming	trend.		For	spectral	analysis,	we	calculate	the	maximum	entropy	power	spectrum	(Burg,	1967)	for	each	trend-removed	time	series.	In	order	to	visually	isolate	the	ENSO	peak,	the	spectrum	is	normalized	by	frequency.		For	 box-and-whisker	 plots,	 the	 notches	 extend	 to	±(1.58 ∗ 𝐼𝑄𝑅)/ 𝑛,	 where	 IQR	 is	 the	interquartile	range	and	n	is	the	number	of	ensemble	members	(50	for	CESM,	35	for	CMIP5).	The	notches	give	a	rough	95%	confidence	interval	for	the	difference	between	two	medians	(Chambers	et	al.,	 1983).	 El	Niño	 (La	Niña)	 events	 are	 identified	by	 at	 least	5	 consecutive	
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months	in	which	the	three-month	average	of	the	trend-removed	index	is	greater	(less)	than	0.5°C	(-0.5°C),	similar	to	the	method	used	by	NOAA	Climate	Prediction	Center.	
	 11	
4. Supplementary	Analyses			4.1	Further	verification	of	low-resolution	CESM	ENSO		It	 is	 reassuring	 that	 the	 amplitude	 and	 periodicity	 of	 ENSO	 in	 low-resolution	 CESM	 are	comparable	with	observations	(Shields	et	al.,	2012,	Figs.	5,	7).	However,	ENSO	is	dependent	on	 a	 series	 of	 coupled	 oceanic	 and	 atmospheric	 feedbacks.	 Error	 compensation	 among	these	 feedbacks	 can	 lead	 to	 an	 apparently	 realistic	 ENSO	 and	 projection	 overconfidence	(Bellenger	et	al.,	2014,	Kim	et	al.,	2014).	Here	we	present	several	additional	verifications	of	the	modeled	ENSO.		The	 tropical	 Pacific	mean	 state,	 affected	 by	 the	 same	 feedbacks	 governing	 ENSO,	 can	 be	used	 as	 an	 indicator	 of	 a	 model’s	 ability	 to	 capture	 ENSO	 (Bellenger	 et	 al.,	 2014).	 Low-resolution	CESM	captures	the	zonal	asymmetry	of	tropical	Pacific	seasonality	(Fig.	2).				ENSO	variability	is	observed	to	peak	from	November-January.	About	half	of	all	CMIP3	and	CMIP5	 models	 share	 this	 peak.	 Those	 that	 capture	 this	 phase-locking	 more	 accurately	capture	 the	 temperature-dependence	 of	 Eastern	 Pacific	 convective	 regimes	 (Bellenger	 et	
al.,	2014),	which	is	an	important	ENSO	feedback	(Lloyd	et	al.,	2012).	Low-resolution	CESM’s	ENSO	shares	the	observed	phase	locking	(Fig.	3).		
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ENSO	can	be	partially	understood	as	a	recharge-discharge	of	equatorial	ocean	heat	content	(Jin,	 1997).	After	 a	 build-up	of	 ocean	heat,	 an	El	Niño	 event	 then	 releases	 that	 heat.	 The	20°C	 isotherm	 depth	 can	 be	 used	 as	 an	 indicator	 of	 ocean	 heat	 content.	 The	 cross-correlation	 of	 Eastern	 equatorial	 Pacific	 SST	 and	 equatorial	 Pacific	 20°C	 isotherm	 depth	allows	insight	into	whether	a	model	can	capture	the	recharge-discharge	ENSO	mechanism	(McPhaden	et	al.,	2006).	Observational	analysis	shows	a	positive	cross-correlation	value	at	negative	lags,	which	means	that	equatorial	ocean	heat	increases	lead	increases	in	Eastern	Pacific	 SST	 (Meinen	and	McPhaden,	 2000).	 Low-resolution	 CESM	 reproduces	 this	 peak	 at	negative	lags,	indicating	some	recharge-discharge	mechanism	governing	ENSO	(Fig.	4).			4.2	Mean	State	Changes	and	their	Effect	on	ENSO		Recent	 analyses	 of	 CMIP5	 have	 shown	 that,	 while	 changes	 in	 frequency	 and	 anomalous	temperatures	associated	with	ENSO	are	uncertain,	 the	precipitation	anomalies	associated	with	El	Niño	and	La	Niña	may	become	more	extreme	in	the	future	(Cai	et	al.,	2014,	Cai	et	al.,	2015).	These	more	frequent	extreme	events	are	linked	to	robust	changes	in	the	mean	state	of	 the	CMIP5	ensemble	equatorial	Pacific.	Under	RCP8.5,	 the	CMIP5	ensemble	undergoes	preferential	 warming	 of	 the	 Eastern	 equatorial	 Pacific.	 The	 lower	 east-west	 background	temperature	 gradient	 means	 that	 convection	 in	 the	 Eastern	 equatorial	 Pacific	 is	 more	frequently	 established	during	El	Niño	 events	 (Cai	et	al.,	 2014).	 The	 low-resolution	CESM	ensemble	 also	 undergoes	 preferential	warming	 of	 the	Eastern	Pacific	 under	RCP8.5	 (Fig.	13a).	
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Additionally,	 this	 preferential	 warming	 is	 correlated	 with	 future	 changes	 in	 ENSO	variability:	 the	 stronger	 the	 preferential	 warming	 of	 the	 East,	 the	 more	 likely	 ENSO	variability	increases	(Fig.	13b).	This	correlation	is	consistent	with	previous	studies,	which	have	 found	that	a	more	active	ENSO	is	associated	with	warmer	east	Pacific	 temperatures	(e.g.,	Ogata	et	al.,	2013;	Wittenberg,	2015).			4.3	ENSO	Flavor	Changes		There	is	recognition	that	there	are	two	‘flavors’	of	ENSO:	the	Eastern-Pacific	type,	in	which	SST	 anomalies	 are	 centered	 in	 the	 East,	 and	 the	 Central-Pacific	 type,	 in	 which	 SST	anomalies	occur	near	the	International	Date	Line	(e.g.	Ashok	et	al.,	2007;	Yu	and	Kao,	2007).	These	two	flavors	can	have	distinct	teleconnections	(Ashok	et	al.,	2007).	Their	underlying	dynamics	 may	 also	 be	 different	 (Kao	 and	 Yu,	 2009).	 Therefore,	 they	 may	 be	 affected	differently	by	climate	change	(Kim	and	Yu,	2012).	We	perform	a	simple	check	of	whether	the	 two	 flavors	 are	 differently	 affected	 by	 climate	 change	 in	 the	 CESM	 ensemble.	 Our	original	 analysis	uses	SST	anomalies	 in	 the	Niño3.4	 region	 (5°S–5°N,	170°–120°W)	as	an	ENSO	 index.	We	 repeat	 the	 analysis	 using	 SST	 anomalies	 in	 the	Niño3	 (5°S-5°N,	 150°W-90°W)	 and	Niño4	 (5°S-5°N,	 160E°W-150°W)	 regions.	 The	Niño3	 region	 is	 affected	more	strongly	by	Eastern-Pacific	events,	while	Niño4	is	more	strongly	affected	by	Central-Pacific	events.	Differences	in	climate	change	effects	on	the	two	regions	may	indicate	differences	in	climate	 change	 effects	 on	 the	 two	 ENSO	 flavors.	 As	 with	 the	 Niño3.4	 index,	 internal	variability	dominates	changes	due	to	anthropogenic	forcing	in	both	regions	(Figs.	10,	11).	
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However,	 averaging	 over	 all	 50	 members,	 there	 is	 a	 significant	 decrease	 in	 Niño4	variability	from	control	to	2040-2090	(two-sided	t-test,	p-value	=	0.0022).			4.4	Additional	Spectral	Analysis		In	 the	main	 text,	we	compare	 the	ensemble	ENSO	spectra	 for	 three	 forcing	regimes/time	periods:	 the	 unforced/control	 ensemble,	 a	 historical/1940-1990	 ensemble,	 and	 a	projections/2040-2090	ensemble.	This	comparison	 is	done	with	a	 three-panel	plot	of	 the	spectra	and	the	5th,	50th,	and	95th	percentiles	of	each	distribution.	Here,	we	add	a	plot	of	the	95%	confidence	interval	for	the	mean	spectrum	of	each	time	period	ensemble,	assuming	a	t	distribution	 at	 every	 frequency	 (Fig.	 6).	 There	 is	 sizeable	 overlap	 of	 the	 confidence	intervals	at	most	frequencies.			4.5	Additional	statistical	comparison		In	the	main	text,	we	compare	the	ENSO	standard	deviation,	skewness,	and	count	of	El	Niño	events	 and	 La	Niña	 events	 in	 our	 three	 time	 periods/forcing	 regimes	 using	 box-whisker	plots.	Here	we	perform	a	t-test	of	the	hypothesis	that	the	control	and	2040-2090	ensembles	have	 equal	 means	 (Table	 1).	 Before	 using	 this	 t-test,	 we	 first	 verify	 that	 the	 statistical	properties	 have	 normal	 distributions	 using	 quantile-quantile	 plots	 (Fig.	 8).	 After	confirming	approximate	normality,	we	use	Welch’s	two-sample	t-test.	We	find	that	none	of	
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the	 statistical	 properties	 examined	 has	 a	 two-sided	 p-value	 less	 than	 0.05,	 that	 is,	 we	cannot	 reject	 the	null	 hypothesis	 of	 equal	means	with	95%	certainty.	 Comparing	 control	with	1940-1990	and	1940-1990	with	2040-2090	(not	shown	in	table),	there	is	one	p-value	less	 than	0.05:	 the	1940-1990	vs.	2040-2090	La	Niña	counts	(p-value	=	0.044).	However,	given	 the	 12	 t-tests	 performed,	 a	 single	 p-value	 this	 small	 would	 not	 be	 unlikely	 when	sampling	from	identical	normal	distributions.	Given	this	fact	and	the	much	larger	p-values	for	other	La	Niña	count	comparisons,	we	don’t	focus	on	this	result.			In	Table	1	we	also	estimate	the	difference	in	the	means	that	would	be	required	to	reject	the	null	 hypothesis	with	 95%	 certainty.	 This	 detection	 sensitivity	 is	 calculated	 assuming	 the	ensemble	 spread	 of	 the	 given	 property	 is	 constant	 and	 that	 there	 are	 98	 degrees	 of	freedom.	As	an	example,	 the	95%	detection	sensitivity	of	 the	ENSO	standard	deviation	 is	3.7%,	 so	 we	would	 reject	 the	 null	 hypothesis	 of	 equal	means	 with	 95%	 certainty	 if	 the	change	in	standard	deviation	were	larger	than	3.7%.			4.6	Importance	of	the	Ensemble	Approach		Given	 ENSO’s	 considerable	 natural	 modulations,	 it	 can	 be	 dangerous	 to	 use	 a	 single	simulation	 as	 indication	 of	 ENSO’s	 response	 to	 climate	 change.	 As	 a	 demonstration,	 we	present	two	CESM	ensemble	members	with	particularly	divergent	ENSO	amplitude	trends	in	the	21st	century	(Fig.	12).	
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FIGURES		
		
Figure	1	|	Tropical	mean	state	and	SST	variability	in	observations	and	CESM.	Contours	of	mean	SST	(lined)	and	standard	deviation	of	SST	climatological	anomalies	(colored)	for	a,	reconstructed	observations	from	1940-1990	(ERSST	v3b,	Smith	et	al.,	2008);	b,	the	mean	of	the	50	CESM	ensemble	members	from	1940-1990.	The	Niño3.4	region	is	outlined	in	black.
a
b
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Figure	2	|	Annual	cycle	of	equatorial	Pacific	surface	temperature	in	observations	and	
the	 CESM	 ensemble.	 Longitude-time	 plots	 of	 the	 annual	 cycle	 of	 surface	 temperature	anomalies	in	the	equatorial	Pacific	(5°S–5°N)	relative	to	the	annual	meridional	mean	from	1940-1990	 for	 a,	 reconstructed	 observations	 (ERSST	 v3b)	 and	 b,	 the	 CESM	 ensemble	average.		
a b
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Figure	 3	 |	 ENSO	 phase-locking	 in	 observations	 and	 the	 CESM	 ensemble.	 Monthly	average	 standard	 deviation	 of	 trend-removed	 Niño3.4	 index	 from	 1940-1990	 for	reconstructed	observations	(red),	and	the	CESM	ensemble	average	(black).					
	
Figure	4	|	Lagged	cross-correlation	of	trend-removed	Niño3	(5°S-5°N,	150°W-90°W)	
index	and	20°C	isotherm	depth	averaged	over	the	equatorial	Pacific	(5°S-5°N,	120°E-
90°W).	Averaged	over	1940-1990	of	the	CESM	ensemble	mean.	Negative	lags	indicate	that	20°	isotherm	depth	anomalies	lead	Niño-3	SST	anomalies.	
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Figure	 5	 |	 Maximum	 entropy	 power	 spectra	 of	 the	 trend-removed	 Niño3.4	 index	
under	different	 forcing	regimes.	a,	Fifty	50-year	sections	of	the	unforced,	control	CESM	simulation;	b,	 the	 50	 CESM	 ensemble	members	 (1940-1990)	 and,	 in	 red,	 the	 1940-1990	reconstructed	observational	data	(ERSST	v3b);	c,	the	50	CESM	ensemble	members	(2040-2090).	 	 Individual	 members	 are	 shown	 in	 grey,	 dashed	 curves	 are	 the	 5%	 and	 95%	percentiles,	and	the	solid	black	curve	is	the	median.		
	
Figure	6	|	95%	confidence	intervals	for	the	mean	maximum	entropy	power	spectrum	
of	 the	 trend-removed	 Niño3.4	 index	 under	 different	 forcing	 regimes.	 Fifty	 50-year	sections	of	the	unforced,	control	CESM	simulation	(blue),	the	50	CESM	ensemble	members	from	1940-1990	(black),	the	50	CESM	ensemble	members	from	2040-2090	(red).		
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Figure	 7	 |	 Box-whisker	 plots	 of	 ENSO	 statistics	 under	 different	 forcing	 regimes.	a,	Trend-removed	Niño3.4	index	standard	deviation;	b,	skewness;	c,	El	Niño	event	counts;	d,	La	Niña	event	counts.	The	plots	show	5th,	25th,	50th,	75th,	and	95th	percentiles	for	fifty	50-year	sections	of	the	unforced,	control	CESM	run	(Control),	the	50	CESM	ensemble	members	from	 1940-1990	 (1940-1990),	 and	 the	 50	 CESM	 ensemble	 members	 from	 2040-2090	(2040-2090).	In	blue	are	the	distributions	for	the	35-member	CMIP5	ensemble.	The	red	x	denotes	 the	 1940-1990	 reconstructed	 observational	 value	 (ERSST	 v3b).	 The	 notches	indicate	a	rough	95%	confidence	interval	for	the	difference	between	two	medians.				
	
Figure	8	 |	Quantile-quantile	plots	comparing	control	ensemble	distributions	on	the	
y-axis	with	normal	distributions	on	the	x-axis.	a,	Standard	deviation;	b,	skewness;	c,	El	Niño	 event	 counts;	 d,	 La	 Niña	 event	 counts.	 If	 a	 distribution	 were	 perfectly	 normal,	 its	quantile-quantile	plot	would	be	perfectly	linear.		
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Figure	 9	 |	 Running	 ENSO	 statistics	 in	 the	 CESM	 ensemble.	 a,	 b,	 20-year	 running	standard	deviation	of	the	trend-removed	Niño3.4	index;	c,	d,	skewness.	a,	c,	50	sections	of	the	unforced,	control	CESM	run;	b,	d,	the	50	CESM	ensemble	members.	Individual	members	are	shown	in	grey,	dashed	lines	are	the	5th	and	95th	percentiles,	the	solid	black	line	is	the	median,	and	the	solid	red	line	is	the	reconstructed	observational	record	(ERSST	v3b).		
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Figure	10	|	Maximum	entropy	power	spectra	for	different	ENSO	indices	and	forcing	
regimes.	 a,	 b,	 c,	Trend-removed	Niño3	 index	 in	different	 forcing	 regimes;	d,	e,	 f,	Trend-removed	Niño4	index	in	different	forcing	regimes.	a,	d,	50	50-year	sections	of	the	unforced,	control	CESM	simulation;	b,	e,	 the	50	CESM	ensemble	members	(1940-1990);	c,	 f,	 the	50	CESM	 ensemble	 members	 (2040-2090).	 Individual	 members	 are	 shown	 in	 grey,	 dashed	curves	are	the	5th	and	95th	percentiles,	and	the	solid	black	curve	is	the	median.	
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Figure	11	|	20-year	running	standard	deviation	for	different	ENSO	indices.	a,	Trend-removed	Niño3	index;	b,	trend-removed	Niño4	index.	The	50	CESM	ensemble	members	are	shown	in	grey,	dashed	lines	are	the	5th	and	95th	percentiles,	and	the	solid	black	line	is	the	median.					
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Figure	12	|	50-year	running	standard	deviation	of	the	trend-removed	Niño	3.4	index	
for	two	sample	ensemble	members.	These	members	are	chosen	to	highlight	the	different	21st	century	trends	possible	under	the	same	forcing.	
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Figure	 13	 |	 Changes	 in	 the	 equatorial	 zonal	 temperature	 gradient	 and	 Niño3.4	
standard	 deviation.	 a,	 Fractional	 change	 in	Western	 equatorial	 Pacific	 (5°S-5°N,	 120°E-170°E)	minus	Eastern	equatorial	Pacific	(5°S-5°N,	150°W-90°W)	SST	vs.	fractional	change	in	trend-removed	Niño3.4	standard	deviation	from	1940-1990	to	2040-2090.	In	red	are	the	35	 CMIP5	 ensemble	 members;	 in	 black	 are	 the	 50	 CESM	 ensemble	 members.	 Negative	fractional	 changes	 in	WP-EP	 indicate	preferential	warming	 in	 the	 east.	b,	 Same	 as	a,	 but	only	showing	the	CESM	ensemble	members.	The	listed	p-value	is	that	of	the	null	hypothesis	of	zero	slope.		
a b
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TABLES		
	 Control	mean	 2040-2090	mean	 |Control-2040-2090|	 p-value	 95%	Detection	sensitivity	 95%	Detection	sensitivity	(%)	St.	dev.	(°C)	 0.701	 0.698	 0.003	 0.823	 0.026	 3.7	Skewness	 0.263	 0.325	 0.058	 0.308	 0.12	 45.9	El	Niño	count	 11.14	 11.28	 0.14	 0.732	 0.81	 7.3	La	Niña	count	 12.54	 12.82	 0.28	 0.516	 0.85	 6.8	
	
Table	1	|	Welch’s	two-sample	t-test	results	comparing	ENSO	properties	of	the	control	
CESM	 ensemble	 and	 the	 2040-2090	 ensemble.	 The	 p-value	 gives	 the	 two-sided	probability	of	the	given	difference	in	means	under	the	null	hypothesis	of	equal	means.	A	p-value	less	than	0.05	would	mean	rejection	of	the	null	hypothesis	with	95%	confidence.	The	95%	detection	sensitivity	is	the	approximate	difference	in	means	that	would	be	needed	to	reject	 the	 null	 hypothesis	 with	 95%	 confidence.	 The	 detection	 sensitivity	 is	 calculated	assuming	98	degrees	of	 freedom	and	that	 the	standard	deviation	of	 the	given	property	 is	constant.	The	 fractional	detection	sensitivity	of	 skewness	 is	much	worse	 than	 that	of	 the	other	properties	because	the	fractional	distributions	of	skewness	are	much	larger	(Fig.	7).				 				
